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Nuclear magnetic resonance paramagnetic relaxa-
tion enhancement (PRE) measures long-range
distances to isotopically labeled residues, providing
useful constraints for protein structure prediction.
The method usually requires labor-intensive conju-
gation of nitroxide labels to multiple locations on
the protein, one at a time. Here a computational
procedure, based on protein sequence and simple
secondary structuremodels, is presented to facilitate
optimal placement of a minimum number of labels
needed to determine the correct topology of a helical
transmembrane protein. Tests on DsbB (four helices)
using just one label lead to correct topology predic-
tions in four of five cases, with the predicted struc-
tures <6 A˚ to the native structure. Benchmark results
using simulated PREdata show that we can generally
predict the correct topology for five and six to seven
helices using two and three labels, respectively, with
an average success rate of 76% and structures of
similar precision. The results show promise in
facilitating experimentally constrained structure
prediction of membrane proteins.
INTRODUCTION
Transmembrane (TM) proteins play central roles in cellular trans-
port processes, intercellular signaling, and growth regulation
(Roosild et al., 2005). They comprise 60% of all drug targets
(Yildirim et al., 2007). Two-fold classes have been observed for
TM proteins: a-helical bundles and b-barrels, where a-helical
proteins are substantially more abundant than b-barrel proteins
with the latter largely limited to bacterial outer membrane
proteins and their relatives (Koebnik et al., 2000). In humans,
27% of all proteins are TM helical proteins (Almen et al.,
2009) but only 1.6% of the determined structures (1058 of
65,075) in the Protein Data Bank (PDB) (Berman et al., 2000)
(May 5th, 2010) are TM helical proteins, 226 of which are unique
(Lomize et al., 2006). The scarcity of the TM helical structures484 Structure 19, 484–495, April 13, 2011 ª2011 Elsevier Ltd All righreflects the difficulty in determining such protein structures using
techniques such as X-ray crystallography or nuclear magnetic
resonance (NMR) (Wiener, 2004). The methods presented here
attempt to facilitate solution NMR structure determination of
membrane proteins by combining efficiently chosen small
numbers of experimental constraints with computational struc-
ture prediction.
Solution NMR has only recently been used to determine the
structures of polytopic helical membrane proteins. Successful
examples of application, such as the structure determination of
Escherichia coli proteins DsbB (Zhou et al., 2008b) and DAGK
(Van Horn et al., 2009), complement structures of oligomeric
complexes of single pass TM helices in phospholamban (Oxe-
noid and Chou 2005; Traaseth et al., 2007) and the M2 viral
protein (Marassi and Opella, 2000; Nishimura et al., 2002; Cady
and Hong, 2008; Schnell and Chou, 2008) determined using
both solution and solid-state NMR methods. Because of the
nature of membrane proteins, a combination of multiple sources
of data is generally required to solveTMhelical protein structures.
In the cases of both DsbB and DAGK, extensive paramagnetic
relaxation enhancement distance constraints, residual dipolar
coupling data, and long-range nuclear Overhauser effects
(NOEs) were collected and used for solving the structures.
In the past few years, computational structure-prediction
methods have improved to a point where predicted structures
based on limited experimental data, possibly of low-resolution,
become fairly useful for studying protein functions and associ-
ated mechanisms (Kang et al., 2008; Barth et al., 2009). Often,
a low-resolution structure is useful enough as it can serve as a
starting point for more accurate structure determination using
additional computational techniques. Barth et al. (2007) showed
that, when coarse-grained decoy structures with near-native
topologies (<4 A˚) were generated, de novo methods can predict
high-resolution structures (<2.5 A˚) for TM helical proteins with up
to 145 residues. The major challenge in applying this approach
for larger systems is in developing effective sampling procedures
to consistently generate near-native topologies at a coarse-
grained level. Our focus in this study is to develop a computa-
tional strategy that identifies a minimal set of NMR data that
will be adequate to determine the correct packing topology of
TM helical proteins.
Paramagnetic relaxation enhancement (PRE) can provide long
range distance constraints (15–25 A˚) between a paramagneticts reserved
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PRE Data Collection for Membrane Protein Structurecenter and an NMR active nucleus such as a proton attached to
a 15N or 13C enriched site (Bertini et al., 2001, 2005; Otting, 2010).
Application of these constraints began with proteins that have
native paramagnetic metal centers, but application has recently
expanded with the use of cysteine mutagenesis and site-
directed spin-labeling (SDSL) of cysteine sites with nitroxide
labels (Cornish et al., 1994; Hubbell and Altenbach, 1994; Bat-
tiste and Wagner, 2000; Liang et al., 2006; Clore et al., 2007).
Whereas direct interaction between NMR active nuclei (NOEs)
provides distance information that rarely goes beyond 5–6 A˚,
the much larger interaction energy between an electron and
a nucleus makes PRE effective at significantly longer distances.
For example, perturbation of proton spin relaxation rates by a ni-
troxide spin label can yield distance constraints of 15–25 A˚ with
accuracy approaching ±15%. Thus PRE can be particularly
helpful in determining the global fold of perdeuterated polypotic
TM helical proteins.
There are a number of challenging issues associatedwith using
this strategy for structure determination of TM helical proteins.
Sample preparation is a major issue, including finding an expres-
sion system for producing a sufficient amount of isotopically
labeled protein, solubilizing and refolding the protein in detergent
micelles or other membrane mimetics, and dealing with the
properties of the mimetics and the protein during purification.
All of these together can make the production of a membrane
protein sample a very lengthy process (Mobley et al., 2007).
In this study, we present a computational method for suggest-
ing aminimal set of mutation sites in a given protein sequence for
PRE data collection. The method is based on a theoretical anal-
ysis and it is validated through a computational study using a
distance geometry-based algorithm. DsbB, a membrane protein
with four TM helices is chosen as a test system; both a crystal
structure and PRE data from nine cysteine sites are available
for this protein (Inaba et al., 2006; Zhou et al., 2008b). We
demonstrate that it is possible to determine the correct packing
topology by using PRE data collected on one specific cysteine-
mutation site or any two cysteine-mutation sites within the
protein if they are at the ends of helices and on the same side
of the membrane. Using simulated PRE data, we extend the
study to 10 proteins ranging from four to seven TM helices and
with diverse topologies. The correct topology can be determined
reliably for proteins with up to seven helices using PRE data
collected on two or three sites, predicted by our program. These
results show promise in predicting a minimal set of mutational
sites needed for PRE data collection; this in turn can guide
experimental design and improve efficiency of membrane
protein structure determination.
Theoretical Analysis
3D Topology Determination Can Be Simplified
to a 2D Problem
The two-step model for helix-bundle membrane protein folding
(Popot and Engelman, 1990) has been a general paradigm for
membrane protein structure prediction. In the first step, indepen-
dently stable helices are formed across themembrane bilayer. In
the second, the helices optimally pack to form the final structure.
Prediction of the boundaries of the TM helices and the helical
orientation (i.e., which helix termini reside at the cytoplasm side
of the membrane surfaces) from sequence, the first challenge,Structure 19,has achieved a >90% accuracy (Rost et al., 1996; Fleishman
and Ben-Tal, 2006). In this study, we focus on the second chal-
lenge, correctly packing the TM helices. We assume that the
helices are ideal, i.e., they have no kinks. A further simplification
is made that a helix can be treated as a symmetric cylinder
when discussing PRE data collection. This is justified in that the
helical backbone radius is 3 A˚ whereas the measurement error
of PRE can be of this magnitude or larger, especially for large
proteins. Therefore PRE is not particularly sensitive to rotations
around the helical axis. Despite the relatively low accuracy, the
long-distance nature of PRE data makes it useful for defining
the global topology of a polytopic helical membrane protein.
In the following, we assume that the helices are parallel and
nearly perpendicular to the membrane surface. Therefore, the
problem of finding the relative positions of n helices is reduced
to identifying the geometry of the n termini on a plane. The
lengths of the loops are also assumed to be long enough not
to be a determinant of helix packing. The PRE spin labels will
be attached to cysteines at the ends of helices as the introduc-
tion of cysteine mutations and nitroxide labels in the middle of
helices are more likely to disrupt the structure. We are using
PRE data to distinguish only among nonmirror structures
because the pairwise distance information is unable to distin-
guish mirror structures.
Four-Helix Bundles Pack in a Rhombus Shape
We first investigate the minimal number of PRE data needed for
accurately packing a four-helix bundle, which consists of a
simple structure motif and serves as a building block for more
complex topologies consisting of more helices. In a nonchannel
forming helical bundle, helices will generally maximize interac-
tions with other helices forming pairwise interactions with two
to six other helices (Harris et al., 1994). For four helices this
generally implies a rhombus packing topology, where every
pair of neighboring helices on the sides of a rhombus interact
and the helices on the opposite sides of the short rhombus diag-
onal also interact with each other. Statistical analyses of helix-
packing motifs in membrane proteins indicate that interacting
helix pairs are in general approximately vertical to the membrane
surface and are nearly parallel to one another with an average
crossing angle of 151 (Walters and DeGrado, 2006). In the
core region they have an average interhelical distance of 9 A˚.
Using the above crossing angle and assuming the length of
a TM helix to be 30 A˚, an average distance of 11–12 A˚ can be
derived between the ends of two interacting helices on the
same side of the membrane. Thus, the layout of a four-helix
bundle on any side of the membrane can be modeled as an ideal
rhombus,where the sides and the short diagonal are 12 A˚ and the
long diagonal is about 21 A˚ (Figure 1A). To see how well the
model superimposed on real structures, we constructed a 3D
model using ideal helices, which are parallel to each other and
perpendicular to the membrane surface, assuming the correct
helical arrangement. Structural alignment of the 3D rhombus
model to five unique four-helix bundles in our benchmark set,
namely DsbB (2hi7B), ligand gated ion channel (2vl0A), leuko-
triene C4 synthase (2uuhA), V-type sodium ATPase (2bl2A),
and particulate methane monooxygenase (1yewC), shows the
model has a root-mean-square deviation (rmsd) over the Ca
atoms to the natives at 4.1 A˚, 3.9 A˚, 5.0 A˚, 3.3 A˚, and 4.4 A˚,
respectively. Thus, we base the following analysis on this model.484–495, April 13, 2011 ª2011 Elsevier Ltd All rights reserved 485
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A Figure 1. Geometric Models for the Layouts
of Four to Seven Helix Bundles
The view is from either side of the membrane.
(A) The models for four to seven helix bundles,
derived by adding one helix at a time to themodels
of the previous set and assuming each new helix
must interact with at least two existing helices. The
one exception to this rule, the model 6-1 for six-
helix channel, is generated by removing a central
helix from 7-1 of the seven-helix models.
(B) The 12 helix packing topologies forming six
pairs of mirror images for the rhombus model of
a four-helix bundle.
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PRE Data Collection for Membrane Protein StructureOne to Two Labels Can Determine Packing Topology
of a Four-Helix Bundle
For the four points forming a rhombus, there are 12 possible
helix-packing topologies consisting of six pairs of mirror struc-
tures (Figure 1B). We now examine how to use PRE data to
distinguish among the six pairs. The long diagonal of each
rhombus has a unique distance different from all the other
distances within the rhombus, i.e., 21 Ǻ in this case. For
example, in Figure 1B this distance is the distance between
the helix termini 2 and 4 in the first model. Placement of a PRE
spin-label on either of these two sites would provide the unique
distance of 21 Ǻ to an NMR observable nucleus at the other site,
thus allowing for the identification of the topology. The other two
sites, 1 and 3, can only provide the non-unique distances of 12Ǻ.
Because only two of the four sites for PRE spin labeling have a
21Ǻdistance, one has 50%of chance to pick a site that will allow
for the unique determination of the correct topology.
In the event when the first PRE label is not placed on a helix at
one end of the long diagonal, the placement of a second label at
the end of any helix on the same side of the membrane will allow
for identification of the correct topology, regardless whether the
second label provides the 21 Ǻ distance measure (hence unique)
or just a set of 12 Ǻ distancemeasures. In the latter case, the two
involved helices are on the opposite sides of the short diagonal
and therefore the other two helices must be on the opposite
sides of the long diagonal.486 Structure 19, 484–495, April 13, 2011 ª2011 Elsevier Ltd All rights reservedWe conclude that we can uniquely
determine the correct topology out of
the six possible topologies with a 50%
probability of success based on a place-
ment of one PRE label and with a 100%
probability of success based on place-
ment of two PRE labels, as long as the
labels are placed on the same side of
the membrane. Restriction to the same
side is easily done knowing the connec-
tivity of TM helices in the protein
sequence.
Five to Seven Helical Bundles
Have One to Three Compact
Packing Shapes
The analysis was extended to up to seven
helix bundles because there is so much
interest in seven helix GPCRs. Gettingthe PRE data may be feasible for seven helix bundles but will
become increasingly more difficult as the number goes up,
because expressing a protein at levels necessary for structural
work is still a major hurdle for studying large membrane proteins
(Mobley et al., 2007). At the same time, seven helix bundles may
represent the upper limit for current membrane protein structure
prediction methods (Barth et al., 2009). We observed in solved
structures that helix bundles with more than four helices have
rhombus-shape substructures, and most helices interact with
at least two other helices from either the same protein monomer
or other protein subunits. This motivated us to build the topolo-
gies for proteins with a higher-number of helices by adding one
helix at a time to the rhombus-based models, assuming each
new helix interacts with at least two existing helices. Figure 1A
shows all possible geometric models for the layouts of five to
seven helical bundles, as viewed from either side of the
membrane. There is one exception to this rule, a six-helix
channel, 6-1, which can be generated by removing a central helix
from 7-1 of the seven helix models. Each model has a number of
permutations of helix order (Table 1).
Adding one helix to the rhombus model with four helices leads
to an isosceles trapezoid model for five-helix bundles. Besides
the interactions between every pair of neighboring helices, the
helix at the midpoint of the long base also interacts with the
helices at both ends of the short base to form stable packing.
Visual inspection of the benchmark protein structures indicates
Table 1. Theoretical Analysis of the Minimal Number of Mutation Sites Needed to Determine the Correct Packing Topology for Four to
Seven Helix Bundles
Model
Pairs of mirror
topologies
Minimal sites needed:
% combination Minimal + 1 site: % combination Optimal sites
4-1 6 1: 2, 4
2 of 4: 50%
2: any combination
6 of 6: 100%
2 or 4
Top 1 exposed helix
5-1 60 2: 3 + 4, 2 + 5, 2 + 3, 4 + 5,
(1 + 5, 1 + 2)
4–6 of 10: 40%–60%
3: any combination
10 of 10: 100%
2 + 5
Top 2 exposed helices
6-1 60 2: 6 pairs like 2 + 4,
(6 adjacent pairs like 2 + 3)
6–12 of 15: 40%–80%
3: any combination
20 of 20: 100%
Any 2 helices separated
by 21 A˚
6-2 360 2: 3 + 4, 2 + 3, 5 + 6 (4 + 5, 2 + 6)
3–5 of 15: 20%–33%
3: any noncollinear, except
(or not) 4 + 5 + 1, 2 + 6 + 1
16–18 of 20: 80%–90%
5 + 6
Top 2 exposed helices
6-3 120 Two: 3 pairs like 2 + 5,
(6 adjacent pairs like 2 + 1)
3–9 of 15: 20%–60%
3: any combination
20 of 20: 100%
2 + 5
Top 2 exposed helices
6-4 180 2: (3 + 6, 2 + 5, 2 + 6,
6 adjacent pairs like 3 + 4)
0–9 of 15: 0%–60%
3: any combination, except
(or not) 1 + 2 + 6, 1 + 5 + 6,
2 + 4 + 3, 2 + 4 + 6
16–20 of 20: 80%–100%
2 + 6
Top 2 exposed helices
7-1 420 2: (6 adjacent pairs)
0–6 of 21: 0%–29%
3: any noncollinear combination
except (or not) 6 combinations
like 1 + 2 + 3
26-32 out of 35: 74-91%
Any 2 helices separated by 21 A˚,
excluding the most buried helix
7-2 2520 2: (2 + 5, 2 + 7, 2 + 6,
1 + 5, 3 + 6, 3 + 2)
0–6 of 21: 0%–29%
Three: Any combination except
1 + 2 + 4, 4 + 5 + 6, 4 + 3 + 7,
excluding (or not) 2 + 7 + 4, 2 + 7 + 1,
2 + 6 + 4, 2 + 6 + 3, 1 + 5 + 7, 3 + 6 + 4,
3 + 6 + 7, 3 + 2 + 4, 5 +6 + 7, 4 + 5 + 7,
4 + 6 + 7
21–32 of 35: 60%–91%
2 + 6 + (7)
Top 3 exposed helices
7-3 2520 2: (3 + 6, 3 + 4, 4 + 6, 1 + 5,
1 + 2, 5 + 7)
0–6 of 21: 0%–29%
3: any combination without 2 or 7
except 1 + 3 + 5, 1 + 5 + 6, plus 1 +
2 + 4, 1 + 2 + 7, 5 + 2 + 7, 5 + 4 + 7,
2 + 4 + 5, 1 + 4 + 7; (any combination
except 2 + 4 + 7, 2 + 3 + 5, 1 + 6 + 7)
14–32 35: 40%–91%
3 + 6
Third and fourth most exposed
helices
The codes in ‘‘Model’’ column correspond to those in Figure 1A. The number of pairs of mirror topologies is derived as follows: a model with n-fold
symmetry (rotation by 360/n results in a molecule indistinguishable from the original) has m!/n topologies and m!/(2n) pairs of mirror images (m is
the number of helices). In columns three and four, the combinations not in parentheses are obtained assuming the distances 21 A˚ and 24 A˚ are indis-
tinguishable by PRE, whereas the combinations in parentheses are obtained assuming they are distinguishable. The percentage of combinations
ranges between the values obtained by these two criteria. The optimal sites are the minimal number of sites that can correctly determine topology
and are not adjacent to each other.
Structure
PRE Data Collection for Membrane Protein Structurethat the layouts of all five-helix bundles on any side of the
membrane resemble this shape. There are 60 pairs of possible
mirror topologies for this model (see Table 1 legend for detailed
explanations of this and the numbers for other models). Adding
one helix to the isosceles trapezoidmodel leads to three possible
models for six-helix bundles (Figure 1A, 6-2, 6-3, 6-4). The
number of possible pairs of mirror topologies for the model
6-2, 6-3, and 6-4 are 360, 120, and 180, respectively. In addition,
six-helical proteins that transport substrates across the
membrane can adopt a hexagonal shape with a helix missing
from the middle to allow a transport channel (6-1) (Pebay-Peyr-
oula et al., 2003). There are 60 pairs of mirror topologies for
this model. These four models are all observed in the benchmark
protein structures. Adding one helix to each model of six-helixStructure 19,bundles leads to three possible models for seven-helix bundles.
The only seven-helix benchmark protein adopts the 7-3 model,
which has 2520 pairs of possible mirror packing topologies.
See results of the benchmark set for the model that best depicts
each benchmark protein and the protein structure.
Two to Three Labels Can Determine Topology
for Five to Seven Helical Bundles
We now examine the minimal number of sites needed to distin-
guish the correct topology for each model. Specifically, we
examine all combinations consisting of a fixed number of sites
to check which of them gives rise to the PRE data that can deter-
mine the correct topology. Table 1 lists all the correct combina-
tions with the minimal number of sites needed for each model.
From the table, we can see that the minimal number of sites484–495, April 13, 2011 ª2011 Elsevier Ltd All rights reserved 487
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PRE Data Collection for Membrane Protein Structurefor five to seven helical bundles is two, and the probabilities for
selecting the correct two sites for five, six, and seven helical
bundles are on average 50%, 40%, and 15%, respectively. Add-
ing one additional site significantly improves the percentage of
correct combinations, specifically, the probabilities increase to
100%, 94%, and 74%, for five, six, and seven helical structure,
respectively.
We now use themodel for the five-helix bundle (Figure 1A, 5-1)
to illustrate a detailed procedure for finding the correct sites.
Note that the isosceles trapezoid model consists of two overlap-
ping rhombus shapes. If the first site is placed at one end of the
long diagonal of one of the rhombus, say helix 2, the four
distances to other helical ends are 24 Ǻ to helix 5, 21 Ǻ to helix
4, and 12 Ǻ to helices 1 and 3. The distances of 24 Ǻ and 21 Ǻ
may be indistinguishable by PRE because the difference is within
the measurement error. Thus, an additional site is needed to
distinguish between the two non-unique pairs: helices 5 and 4,
and helices 1 and 3. Placement of the second site on helix 5 or
3 (i.e., the long diagonal of the rhombus shape) will allow for
identification of the correct topology. In the ideal case that the
distances of 24 Ǻ and 21 Ǻ can be distinguished by PRE, an
additional site only needs to distinguish between helices 1 and
3. Placement of the second site on helices 5, 3, or 1 will do. Of
a total of 10 possible combinations for selecting two sites for a
five-helix bundle, four and six combinations are correct using
the former strict criterion (i.e., distances of 24 Ǻ and 21 Ǻ are
indistinguishable) and latter ideal criterion, respectively. Thus,
the probability of selecting the correct two sites is 40%–60%
for a five-helix bundle.
Optimal Mutation Sites Are on theMost Exposed Helices
Examination of Table 1 led to a number of observations that can
be useful for selection of the optimal sites for spin labeling. Of all
combinations of the minimal number of sites leading to correct
topology, those in which the sites are not adjacent to each other
(i.e., distance R21 Ǻ) appear to give optimal results, possibly
because the spin-labels attached to adjacent sites result in
similar (redundant) coverage by PRE data.
Among all the models except for 7-3, the optimal sites also
occur on the two helices that have the least number of interac-
tions with other helices, i.e., are most lipid accessible. The
hexagonal models, 6-1 and 7-1, have six equivalent helices;
hence any two helices separated by 21 Ǻ are equally good. For
model 7-3, which has a more extended conformation than the
others, the two most exposed helices are out of the PRE
measurement range, thus the optimal sites occur on the third
and fourth most exposed helices. Hence, we should be able to
improve our selection of the optimal sites by predicting lipid
accessibility information (i.e., the fraction of lipid accessible
surface area) from sequence.
Because spin-labeled samples used in collection of PRE data
are usually prepared and analyzed one at a time, lipid accessi-
bility information can be used to choose the first site. If data
collected on the first sample are not adequate to determine
topology based on patterns summarized in Table 1, the statistics
given in the table can be used to optimize the choice for the
second site.
The suggested protocol for selection of optimal spin labeling
sites and the probabilities of deducing the correct topology for
an experimentally targeted protein rest on several key assump-488 Structure 19, 484–495, April 13, 2011 ª2011 Elsevier Ltd All rightions; that helices can be represented by ideal cylinders, that
helices pack in rhombic structures, that motion of spin labels
can be ignored, and that PRE derived distances can be equated
to center-to-center distances between cylinders. Concerns
about some of these assumptions can be dismissed because
PRE distances only need to be measured approximately
(<17 A˚ for a short distance, 17–25 A˚ for a long diagonal, and
>25 A˚ for other elements. These ranges encompass most errors
that come from spin-label motion and off-axis placement of
nitroxides. A recent publication has presented a detailed anal-
ysis of the effects of motion (Iwahara and Clore, 2010). Adopting
their spherical model to a positional distribution for an MTSL
group the distribution would have a radius 5 A˚ and be centered
3.5 A˚ off the helix axis. For the 12 A˚ distance the range is
6.9–14.7; for the 21 A˚ distance the range is 16.8–24.0. In real situ-
ations, distributions are more localized, and may extend up to
6 A˚ off the helix axis. But these distributions are skewed to the
outside of the helical bundles where effects are minimized due
to the longer distances involved. Some examples of the effects
of these deviations, along with those that come from non-ideal
helix geometry and non-ideal packing are given in an analysis
of experimental data on the DbsB protein to follow.
It is, nevertheless, important to realize that there can be fail-
ures, and indicators of failure and measures of confidence can
be valuable. It is clear from the above discussion, in combination
with examination of the structures in Figure 1, that all labels
should lead to at least three measurable interhelix distances,
three short (sss) or two short and one long (ssl), and that detec-
tion of one long distance (17–25 A˚) is more valuable in making
a correct classification. One can therefore devise a quality score
that approximates the predictions of Table 2 and allows for
a penalty when observations inconsistent with the idealized
models are made:
P=
163Nssl + 83Nsss  163N<3
N2helices
3 100:
With these cautionary notes, we conclude that a small number
of strategically placed spin-labeled sites can provide sufficient
distance constraints for prediction of the correct topology in
most cases, and we anticipate that accurate structures for
membrane proteins could be derived by coupling predicted
topologies with experimental data and computational
refinement.RESULTS AND DISCUSSION
Structure Prediction of DsbB Constrained by PRE Data
The utility of the above prediction capability can be examined by
using both experimental and simulated PRE data and comparing
predicted with observed structural topologies. The following
shows an application of our prediction capability to protein
DsbB, which has a crystal structure, an NMR solution structure,
and some PRE data (Inaba et al., 2006; Zhou et al., 2008b). The
protein is 176 residues long and has four TM helices. The pre-
dicted TM residues using TMHMM2 (Krogh et al., 2001) are:
TM1 (A14–V35), TM2 (I45–A64), TM3 (Y71–Y89), and TM4
(W145–I162). PRE data were collected from nine mutational
sites, six of which are located at helix termini, i.e., A14, V72,ts reserved
Table 2. Experimental PRE Data for DsbB
Side Label site Location on helix
Number of constraints to helicesa Distance to other helix ends (A˚)b
1 2 3 4 1 2 3 4
Intracellular A14 1 13 (5, 1, 7) 18 (0, 10, 8) 14 (0, 5, 9) 16 (4, 8, 4) — 16.6 19.7 16.6
V72 3 15 (0, 2, 13) 17 (4, 8, 5) 7 (2, 2, 3) 13 (0, 5, 8) 21.6 16.3 — 18.6
V161 4 18 (0, 3, 15) 18 (0, 9, 9) 5 (1, 3, 1) 7 (0, 1, 6) 19.8 16.9 <15 —
Extracellular L30 1 10 (3, 3, 4) 11 (3, 6, 2) 11 (0, 0, 11) 11 (0, 0, 11) — 20.1 >25 >25
L87 3 14 (0, 0, 14) 9 (1, 3, 5) 4 (0, 2, 2) 13 (0, 9, 4) >25 <15 — 18.4
Y89 3 17 (0, 0, 17) 18 (0, 8, 10) 13 (3, 4, 6) 14 (5, 6, 3) >25 19.1 — <15
PRE, paramagnetic relaxation enhancement.
a The total number and each number of constraints in the three ranges of distance of <15A˚, 15–25 A˚, >25 A˚.
b Average PRE distances to the four residues at the helical end on the same side of membrane.
Structure
PRE Data Collection for Membrane Protein Structureand V161 on the intracellular side of the membrane, and L30,
L87, and Y89 on the extracellular side. Three other sites (Q122,
F137, and G139) are located in loops. Hence only the first six
sites were used.
Experimental PRE Data
Table 2 lists the number of PRE data from each site to the helices
grouped into three ranges: (0, 15 Ǻ), (15, 25 Ǻ), and (25 Ǻ, 150 Ǻ),
and the associated distances to the ends of helices on the same
side of membrane as label-to-end distances. Only within the
range of 15–25 Ǻ can a distance be measured with an error of
2–4 Ǻ whereas for the other two ranges, we can only say that
the distance is <15 Ǻ or >25 Ǻ, respectively. We refer the first
type of PREs as specific and the other two types as loose
constraints.
To infer the helix-helix end distances from the experimental
PRE label-to-nucleus data, both the relationships between the
spin-label sites and the end of the label-attached helix and the
relationships between the observed nucleus sites and the ends
of various helices need to be considered. The latter relationshipsα1 α2
α3α4
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Structure 19,can be deduced from the crystal or NMR structures, but the label
locations that best fit all the PRE data on the structure are
computationally predicted because spin-labeled cysteine side-
chains are not included in the DsbB structures. The crystal struc-
ture of the TM regions of DsbB (PDB: 2hi7B) and the predicted
spin-label locations on the structure are shown in Figure 2. A
spin label is on average 5–7 Ǻ away from its attached helix
axis. Thus, the short interhelical distances in the rhombus model
could be as long as 19Ǻ for the sides and the short diagonal, and
the interhelical distances along the long diagonal could be >21Ǻ,
as derived from the PRE distances. The deduced label-to-helix-
end distances are listed in Table 2.
Topology Predictions Based on PRE Data
from a Single PRE Label
The label-to-end distances listed in Table 2 have been used to
check if the correct topology can be determined by using a single
PRE label. Note that four of the five labels placed on the ends of
the long diagonal give rise to the correct topology. Three of the
labels (72, 87, 89) provide a unique distance >21 Ǻ to the helix161
72
5.88Å
5.44Å
OAB
Figure 2. The DsbB Structure and Experi-
mental PRE Spin-Label Sites
(A) Side view of the TM helices in the crystal
structure of DsbB (2hi7B). The structure is colored
by a spectrum running from blue (N-terminal) to
red (C-terminal). The boundaries of the TM helices
predicted by the TMHMM2 program (Krogh et al.,
2001) are labeled.
(B) The extended structure of the PRE tag
molecule attached to a CYS residue. The PRE
distances are measured from the spin label (OAB
atom).
(C) Top view of the TM helices from the extracel-
lular side of the membrane. The average position
of the spin-labels and the distance to the Ca atom
of its attached CYS residue are shown.
(D) Top view of the structure from the intracellular
side of the membrane.
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Table 3. Results of Structure Prediction for DsbB using Experimental PRE Data
Label site
Rank of
best cluster
Size of best
cluster (%)
Best single structure
rmsd (A˚)
Best cluster centroid structure
rmsd (A˚)/TM-score
14 4 16.1 5.64 5.37/0.40
72 4 13.0 5.46 5.69/0.43
161 4 12.9 6.12 6.31/0.36
30 6 10.9 6.28 9.36/0.31
87 2 17.0 5.44 6.74/0.30
89 1 20.3 4.31 6.97/0.32
Average 15.0 ± 3.4 5.54 ± 0.70 6.74 ± 1.42/0.35 ± 0.05
14, 72 1 32.0 4.56 4.33/0.47
14, 161 1 30.1 4.53 4.38/0.45
72, 161 2 24.1 5.13 5.10/0.42
30, 87 1 37.0 5.41 4.85/0.41
30, 89 1 30.5 4.95 5.47/0.40
Average 30.7 ± 4.6 4.92 ± 0.38 4.83 ± 0.48/ 0.43 ± 0.03
14, 72, 161 2 27.6 4.18 3.57/0.53
Average 31.5 ± 8.6 4.11 ± 0.46 4.65 ± 0.67/0.43 ± 0.05
14, 72, 161, 87 2 29.3 3.88 3.94/ 0.53
Average 34.4 ± 8.2 4.17 ± 0.34 4.30 ± 0.44/0.46 ± 0.06
14, 72, 161, 30, 87 2 31.3 3.37 4.11/0.51
14, 72, 161, 30, 89 1 43.3 3.54 4.12/0.49
PRE, paramagnetic relaxation enhancement; rmsd, root-mean-square deviation.
Structure
PRE Data Collection for Membrane Protein Structureat the opposite side of the long diagonal. Another label, 14,
uniquely determines its neighboring helices with two equal
distances of 17 Ǻ, and the helix at its opposite side with
a distance of 20 Ǻ. The label placed at an end of the short diag-
onal, 161, cannot uniquely determine the correct topology with
three non-unique distances <20 Ǻ as expected. The only unex-
pected one is label 30, which has two helices beyond the
measurable range of PRE, due to the deviation of the 2D
topology of DsbB from the ideal rhombus model (Figure 2C).
Generating Residue-BasedModelswith Native Topology
We computationally folded the structure using a distance
geometry-based algorithm (Agrafiotis, 2003) constrained by
the PRE data and by the assumption that helices are approxi-
mately parallel with each other and perpendicular to the
membrane surface (see Experimental Procedures). The folding
results are listed in Table 3. The models were compared with
the crystal structure on the TM helical region using the TM-score
program (Zhang and Skolnick, 2004b). TM-score ranges in (0,1)
with a higher value indicating a stronger structural similarity. TM-
score R0.4 means statistically significant structural similarity
(Zhang and Skolnick, 2004a; Chen and Skolnick, 2008; Xu and
Zhang, 2010) . By visual examination, we found models with
TM-score R0.4 generally give correct helical arrangement.
Thus, TM-score = 0.4 was used as cutoff for correct topology.
The best model predicted by the algorithm has correct topology
by using any label placed at the ends of the long diagonal and
with specific constraints to all helices (i.e., label14, label72,),
whereas the algorithm using any label without a specific
constraint (i.e., label30, label87, label89) or placed on the end
of the short diagonal (i.e., label161) did not lead to correct
topology. For label87 and label89, a correct topology can be
determined using the analytic solution (i.e., using the 3D490 Structure 19, 484–495, April 13, 2011 ª2011 Elsevier Ltd All righrhombus model with the predicted helical arrangement). The
models based on label14 and label72 as well as the rhombus
model are shown in Figure 3A.
In summary, of the six experimental PRE labels, four labels
placed at the ends of the long diagonal give rise to the correct
topology, and the predicted models are <6 A˚ of the native struc-
ture using either the distance geometry-based algorithm or the
3D rhombus model.
Results Based on PRE Data from Two Labels
The DsbB structure was then folded using PRE data associated
with any two labels on the same side of the membrane (except
for label87 and label89 that are on the same helix terminus).
The results are listed in Table 3 and the models are shown in
Figure 3B. The models for all possible site combinations have
the correct topology with an average rmsd 4.8 Ǻ to the crystal
structure. We noted that the structures derived using two labels
form two large clusters of similar structures in the derived struc-
ture space, with the centroid structure of one cluster having the
correct topology and the centroid structure of the other being
the mirror image of the first one (see Figure S1 available online),
indicating that the PRE constraints from two labels are sufficient
to uniquely determine the correct topology by using a distance
geometry-based algorithm. In contrast, structures derived using
a single label form a structure space with multiple small clusters
of similar structures.
Results Based on Three or More PRE Labels
The structure predictions using PRE data from any three or more
labels from both sides of the membrane (except that label87 and
label89 are not in the same combination) have also been tested.
Table 3 lists the results of the best combination and the average
results of all combinations from three to five labels. The best
three-label combination gives a conformation with an rmsd ofts reserved
14,161 72,161
30,89 14,72,16130, 87 
14 
14,72 
72 Rhombus model A
B
Figure 3. Predicted Structures for DsbB
Constrained by Experimental PRE Data
(A) Structures based on a single PRE label for
label14 and label72, and the rhombus model.
(B) Structures based on two PRE labels, compared
to that based on the best three labels. The label
sites are shown at the upper right corner. The
predicted structure (thick line) is aligned to the
crystal structure (thin line) and colored from blue
(N terminal) to red (C-terminal).
See also Figure S1.
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PRE Data Collection for Membrane Protein Structure3.6 Ǻ to the crystal structure. Adding more labels does not
substantially improve the quality of the structure. The model for
the best three-label combination is shown in Figure 3B. Consid-
ering that PRE derived specific distances have a measurement
error of 2–4 Ǻ, plus additional errors caused by the motion of
the spin-label and additional structural variations of the protein
caused by adding the spin-label, we expect that a model with
an rmsd at 4 Ǻ is likely to be near the upper limit in prediction
accuracy when using a distance geometry algorithm solely
based on PREdistance constraints and idealized helix geometry.
Overall, the distance-geometry based approach can produce
starting models having the correct topology of DsbB if one label
is placed at an end of the long diagonal and has specific
distances to at least two other helices. The predicted structures
can reach <5 Ǻ rmsd to the crystal structure with a uniquely
determined topology if two labels are used on the same side of
the membrane. More accurate structures (<4 Ǻ) can be reached
when using PRE data from three labels. Additional labels do not
seem to improve the models based on idealized geometries. But
it is worth noting that additional PRE data may allow further
improvement if deviations from this ideal geometry are allowed.
Also, it may be possible to resolve the mirror image issue with
more precise PRE data or data from paired spin-label sites on
the opposite sides of helices.
Tests on Higher Order Helix Bundles Using
Simulated PREs
To extend the test to proteins with diverse topologies, simulated
PRE data derived from crystal structures of a set of uniqueStructure 19, 484–495, April 13, 2011proteins with four to seven TM helices
(see Experimental Procedures) have
been generated. All these proteins are
folded using the distance geometry
algorithm and the simulated PREs from
every possible combination of two and
three labels. The best of the top 10
models for each case is used as the
prediction. In the following, a model with
TM score R0.4 is considered as having
the correct topology. It should be noted
that for proteins, PREs are subject to
dynamic averaging due to local motions
of the protein and the mobility of the nitro-
xide tag, so accurate simulation of the
experimental PREs is nontrivial (Demarco
et al., 2010). Thus, the simulated PREsused here are just a rough approximation of the experimental
data, with the purpose of getting an estimate of the minimal
number of sites needed and the probabilities in selecting the
correct sites.
As shown in Table 4, the average percentages in selecting
correct two-label combinations for four, five, six and seven
helical bundles are 76%, 76%, 38%, and 16%, respectively.
The result for DsbB using simulated PRE data is the same as
that using the experimental data. The two proteins with kinks
are slightly worse: 67% for the one with four helices and 30%
for the one with six helices. Using three labels, the average
percentages of selecting the correct combinations for four,
five, six, and seven helical bundles are 97%, 95%, 78%, and
64%, respectively. The percentages for the two kinked proteins
are 100% and 80%, respectively, for the four and six helical
bundles.
The results confirm the theoretical prediction that it is possible
to use PRE data from a minimal two sites to predict the correct
topology for up to seven-helix bundles if they are properly
selected; however, the chance of selecting the correct two sites
for six- or seven-helix bundles is relatively small. For these
proteins, three sites should be generally adequate. If the best
three sites are selected, a distance geometry-based algorithm
constrained only by the PRE data can predict accurate (<4 Ǻ)
structures for nearly all proteins. Themodels using the best three
sites are shown in Figure 4. It is interesting to note that the
chance for selecting correct two sites for kinked proteins is
similar to that of nonkinked ones, although the resulting model
quality could be worse due to the deviation from an ideal helix.ª2011 Elsevier Ltd All rights reserved 491
Table 4. Results of Structure Prediction for Benchmark Proteins using Simulated PRE Data
Protein name
PDB
chain Model
Two labels Three labels
Average
rmsd (A˚)
Ratio of
correct
topology
Best
sites (A˚)
Predicted
sites
(A˚/TM)
Avg.
rmsd (A˚)
Ratio of
correct
topology
Best
sites
(A˚)
Predicted
sites
(A˚/TM)
DsbB 2hi7B 4-1 5.0 ± 1.1 1.00 3.4 4.6/0.49 4.7 ± 0.5 1.00 3.8 4.5/0.47
Ligand gated ion channel 2vl0A 4-1 6.5 ± 1.0 0.75 4.9 4.9/0.47 4.8 ± 1.0 1.00 3.0 3.5/0.56
Leukotriene C4 synthase 2uuhA 4-1 4.8 ± 0.9 0.75 3.4 3.9/0.50 4.1 ± 0.7 1.00 3.0 3.2/0.56
Particulate methane
monooxygenase
1yewC(1-4) 4-1 6.5 ± 1.0 0.42 5.6 5.8/0.44 5.1 ± 0.6 0.96 3.3 4.7/0.50
Particulate methane
monooxygenase
1yewB(2-5) 4-1 5.0 ± 0.6 0.64 4.1 5.2/0.39 4.4 ± 0.7 0.67 3.5 3.5/0.46
Calcium ATPase 1wpgA(5-8) 4-1 4.4 ± 0.8 1.00 3.4 3.5/0.54 4.1 ± 0.5 1.00 3.4 3.5/0.54
Average 4 5.4 0.76 4.1 4.6/0.47 4.5 0.97 3.3 3.8/0.52
Calcium ATPase 1wpgA(5-8,10) 5-1 5.3 ± 1.0 1.00 3.6 5.8/0.46 4.3 ± 0.8 1.00 3.2 3.2/0.63
Protease glpG 2ic8A(1-5) 5-1 6.4 ± 0.9 0.55 4.7 6.2/0.36 5.1 ± 0.6 0.95 4.1 5.2/0.47
Particulate methane
monooxygenase
1yewB(2-5,7) 5-1 5.4 ± 0.9 0.70 4.1 5.2/0.43 4.6 ± 0.8 0.86 3.5 4.3/0.47
Bacteriorhodopsin 1m0lA(2-4,6-7) 5-1 6.2 ± 1.1 0.80 4.3 4.9/0.47 5.1 ± 1.1 1.00 3.6 4.8/0.51
Average 5 5.8 0.76 4.2 5.5/0.43 4.8 0.95 3.6 4.4/0.52
Calcium ATPase 1wpgA(5-10) 6-2 6.1 ± 0.9 0.60 4.0 4.5/0.54 4.8 ± 0.8 0.93 2.8 3.3/0.65
Aquaporin Aqpm 2f2bA(1-2,4-6,8) 6-1 6.4 ± 1.1 0.30 4.0 6.2/0.43 5.4 ± 1.2 0.75 3.3 5.4/0.53
Protease glpG 2ic8A 6-3 6.4 ± 0.9 0.37 4.7 6.5/0.44 5.2 ± 0.8 0.85 4.4 4.7/0.52
Particulate methane
monooxygenase
1yewB(1-5,7) 6-2 6.4 ± 1.3 0.37 4.6 6.1/0.38 5.4 ± 1.2 0.68 3.8 4.2/0.54
Bacteriorhodopsin 1m0lA(2-7) 6-4 7.4 ± 1.0 0.26 5.5 6.2/0.44 5.9 ± 1.1 0.68 4.2 4.8/0.56
Average 6 6.5 0.38 4.6 5.9/0.45 5.3 0.78 3.7 4.5/0.56
Bacteriorhodopsin 1m0lA 7-3 8.2 ± 1.2 0.16 5.3 7.9/0.43 6.5 ± 1.6 0.64 4.1 4.9/0.59
V-type sodium ATPase 2bl2Aa 4-1 7.4 ± 0.6 0.67 6.3 7.0/0.42 4.6 ± 0.6 1.00 3.1 3.7/0.57
Mitochondrial
ADP/ATP carrier
1okcAa 6-1 7.3 ± 0.8 0.30 5.4 6.7/0.45 6.1 ± 0.8 0.80 5.0 5.4/0.55
ADP, adenosine diphosphate; ATP, adenosine triphosphate; PDB, Protein Data Bank; PRE, paramagnetic relaxation enhancement; rmsd, root-mean-
square deviation; TM, TM-score. In the PDB chain column, the numbers in parentheses in some entries indicate the transmembrane helical segments
used. The codes in Model column correspond to those in Figure 1.
a Proteins with kinks.
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PRE Data Collection for Membrane Protein StructureIt should be noted that it is possible to detect kinks in easily
acquired RDC or PISEMA data (Mesleh et al., 2003; Nevzorov
and Opella, 2003; Kim and Cross, 2004) or predict their occur-
rence based on sequence information (Yohannan et al., 2004;
Bowie, 2005).
Prediction of the Optimal Mutation Sites
Performance in predicting the optimal sites for spin-labeling by
estimating lipid accessibility of TM helices from the sequence
information is now assessed (see Experimental Procedures).
The strategy for optimal site prediction is as follows: For 4-6
helical bundles, the most exposed helix by our prediction is
selected as the first helix to label. For seven-helix bundles, if
the 7-3 topology is identified by the lipid accessibility prediction
(i.e., the top two lipid accessibility’s are significantly higher than
the others), the third most exposed helix will be selected as the
first site; otherwise, the most exposed helix will be selected as
the first site. The second and subsequent sites (if needed) are
selected iteratively based on the next most exposed helix and492 Structure 19, 484–495, April 13, 2011 ª2011 Elsevier Ltd All righthe site being >21 Ǻ away from the previous sites (as determined
by sequential examination of PRE data).
Figure 5 shows the results of the optimal site prediction for
DsbB and the other benchmark proteins. All the optimal single
sites for the five four-helix bundles, and the optimal two-site
combination for the five six-helix bundles are correctly pre-
dicted. For the seven-helix bundle, Bacteriorhodopsin (1m0lA),
the top two exposed helices are also correctly identified, and
the lipid accessibility prediction indicates the protein may
adopt the 7-3 topology. However, the third exposed helix as
the first site is incorrect, resulting in the two-site combination
being unable to determine the correct topology. Overall, the
optimal site prediction is successful in 10 of 11 cases, showing
the effectiveness of using lipid accessibility prediction to select
the optimal sites for PRE data collection.
Table 4 lists the results of the predicted structures using the
distance geometry algorithm constrained by simulated PREs
from the predicted sites. The structures have correct topologies
in 15 of 18 cases using PREs from two sites. One additional site ists reserved
2vl0A: 3.0Å 2uuhA: 3.0Å 1yewC: 3.3Å 2bl2A: 3.1Å 1wpgA: 2.8Å 
2f2bA: 3.3Å 1okcA: 5.0Å 1m0lA: 4.1Å 1yewB: 3.8Å 2ic8A: 4.4Å 
Figure 4. Predicted Structures for the
Benchmark Proteins Using the Best Three
Labels
The structure (thick line) is aligned to the crystal
structure (thin line) and colored from blue
(N-terminal) to red (C-terminal).
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PRE Data Collection for Membrane Protein Structuresufficient to predict correct topology for all cases with the struc-
tures <5A˚ of the native structures for up to seven helices.
Conclusion
We have theoretically analyzed and computationally verified that
one to two PRE sites should be sufficient to constrain solution
NMR structure prediction for four to seven helical bundles. Our
approach for the optimal site prediction successfully predicts
the minimal sites for up to six element helical bundles. Improving
the lipid accessibility prediction will likely improve the prediction
results for seven-helix bundles.
Because only a few structures of membrane protein families
are currently available, template-based structure prediction
methods do not work in general for membrane proteins (Fleish-
man and Ben-Tal, 2006). At the same time, ab initio approaches
suffer from a major hurdle in that a significant portion of confor-
mation space must be sampled to derive a final structure
(Schueler-Furman et al., 2005). This often makes the approach
computationally unfeasible. By determining the correct helix-
packing topology of a membrane protein and producing a start-
ing point having a native fold, the computational space can be
significantly reduced (e.g., by 83.3%= 5/6 for a four-helix bundle
to 99.96% = 2519/2520 for a seven-helix bundle; see Table 1 for
the numbers of possible topologies for eachmodel) and an accu-
rate structure may be determined using additional prediction
methods. The study presented here provides a useful approach
to deriving starting models for membrane proteins having a
correct topology using a small number of experimental data
and a simple structure prediction method.Structure 19, 484–495, April 13, 2011EXPERIMENTAL PROCEDURES
Data Set Selection
A set of TM helical protein structures with diverse
topologies were collected from the OPM database
(Lomize et al., 2006) using the following criteria: (1),
the structure was determined by X-ray crystallog-
raphy with resolution <3.5 Ǻ; (2), the structures
have TM-scores <0.5 (cutoff for removing struc-
tures sharing the same fold [Xu and Zhang, 2010])
on the TM helical region by pair-wise structure
alignment using TM-align (Zhang and Skolnick,
2005); and (3), the protein has four to seven TM
helices forming a single bundle (i.e., each helix
interacts with at least two other helices). The re-
sulting set consists of 18 test cases from 11
proteins, including two proteins with kinks (Table
4). A detailed description of the procedure is
provided in the Supplemental Experimental
Procedures.
Simulation of PRE Distance Constraints
Tosimulate thePREdata fromcrystal structures,we
mutated in silico the amino acids at the selected
sites to a cysteine residue carrying a PRE spin-label(Figure 2B) using AMBER (Case et al., 2005) LEaP. A PRE label-carrying cysteine
was added to the AMBER library as a newamino acid type to facilitate this proce-
dure. The spin-labeled sites are those residues predicted by the TMHMM2
program (Krogh et al., 2001) to be at the ends of TM helices. An energyminimiza-
tion step is carried out on each mutated residue to remove steric clashes and
minimize the van der Waals energy in AMBER. The distance between the spin-
label (OAB atom) and any HN atom in the structure is calculated and grouped
into three ranges: (0, 15 Ǻ), (15, 25 Ǻ), and (25 Ǻ, 150 Ǻ). Only within the range
of 15–25 Ǻ, is a distance specifically constrained (with an error of ±3 Ǻ).
Generation of Structures from Distance Constraints
Our system consists of m amino acids (represented by the HN atoms) and n
PRE labels, a total of m + n points. The distance constraints between the labels
and the HN atoms are from either experimental or simulated PRE data. The
distance constraints between pairs of HN atoms in the same helix are calcu-
lated from an ideal helical structure. Additional constraints are used to assure
that the helices are roughly parallel to each other and perpendicular to the
membrane surface. We implement the stochastic proximity embedding
(SPE) procedure (Agrafiotis, 2003) for a distance geometry search for struc-
tures that satisfy all the distance constraints. The detailed description of the
procedure is provided in the Supplemental Experimental Procedures.
Structure Selection by Clustering
One thousand structures that satisfy all the constraints for each protein were
generated and clustered using an in-house clustering method (Zhou et al.,
2008a). For each cluster, a centroid structures was generated using the
SPIKER program (Zhang and Skolnick, 2004c). Amodel was created by super-
imposing the ideal helices to the centroid structure or the closest-to-centroid
structure (the single structure with the best rmsd to the centroid structure)
if steric clashes occur to the centroid structure. The models are ranked by
the cluster density and the best of top 10 models are used as prediction for
the benchmarking set. A more detailed description is provided in the Supple-
mental Experimental Procedures.ª2011 Elsevier Ltd All rights reserved 493
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Figure 5. Prediction of the Optimal Site for
Benchmark Proteins
The helices are ranked by the predicted lipid
accessibility (in circles) with the predicted optimal
labeling helices in filled circles (black). The lipid
accessibility calculated from the crystal structure
(the helix surface area in the protein structure/the
surface area in the isolated helix) is shown with
squares, with the real optimal labeling helices in
filled squares (black).
Structure
PRE Data Collection for Membrane Protein StructurePrediction of Lipid Accessibility of TM Helices
The lipid accessibility is the fraction of the surface area exposed to lipid. The
lipid accessible surface area (ASA) for each residue was predicted from
sequence using the ASAP server (Yuan et al., 2006), and the TM helical
segments were predicted using the TMHMM2 program. The ASA of a TM helix
is the sum of the ASA of all residues in the helix. The total surface area of the
helix was calculated from the isolated ideal helical structure by the DSSP
program (Kabsch and Sander, 1983), as used in the ASAP server. The lipid
accessibility of a TM helix was obtained by normalizing the ASA of the TM helix
by its total surface area.SUPPLEMENTAL INFORMATION
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and one figure, and can be found with this article online at doi:10.1016/j.str.
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